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on the regulation of microRNA target genes, which will facilitate the prediction of microRNA target genes
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MicroRNAs (miRNAs) are members of a growing class of regulato-
ry non-coding RNAs that play crucial roles in regulating expression of
protein-coding genes [1–3]. MiRNAs can bind to mRNAs of their tar-
get genes to either induce mRNA degradation or repress translation
[1,2]. Early studies have shown important regulatory roles of miRNAs
in development timing control [4,5]. Later studies have implicated
miRNAs as important regulators of more diverse vital programs in-
cluding hematopoietic cell differentiation, apoptosis, cell prolifera-
tion, and organ development [1,6,7]. It is also known that miRNAs
may regulate more than one-third of all protein-coding genes in
humans and are conserved across a diverse array of plants and ani-
mals [1,8]. Because of their involvement in a wide variety of develop-
mental and physiological processes, it is important to study miRNA
function, miRNA target genes, and transcriptional regulation of miR-
NAs and their target genes.
Various aspects of miRNAs have been studied in the past decade.
One central focus of these studies is to understand the biogenesis of
miRNAs. Like protein-coding genes, miRNA genes are ﬁrst transcribed
as longer primary transcripts called primary miRNA (pri-miRNA).
Most miRNAs are transcribed by the RNA polymerase II and a small
number of miRNAs are produced by the RNA polymerase III [9–11].The pri-miRNA transcripts are then cropped by ribonuclease into
precursor-miRNA (pre-miRNA). The pre-miRNA is subsequently
exported out of the nucleus for further cleavage into a 22-nucleotide
duplex. The complementary strand becomes degraded, leaving one
fully mature miRNA strand. MaturemiRNAs then associate with several
proteins to form the RNA-induced-silencing-complex that binds to spe-
ciﬁc mRNA transcripts of protein-coding genes, directing mRNA inacti-
vation by translational repression, deadenylation, or degradation.
Besides the above understanding of miRNA biogenesis, studies in the
past decade have also discovered a large number of miRNA genes in dif-
ferent species [12–14]. For instance, there are over 17,000 distinct ma-
ture miRNA sequences in over 140 species annotated in the current
miRBase database [15]. In addition, target genes of miRNAs have been
predicted by different algorithms [6,8,16]. Finally, with next generation
sequencing techniques, several studies have predicted transcription
start sites of miRNAs in mammals [11,17,18].
Despite many studies on miRNAs and the existence of predicted
miRNA target genes in different species, the transcriptional regulation
of miRNA target genes has not been well studied [19]. For instance, to
our knowledge, scientists have not addressed the following ques-
tions: Are the target genes of one miRNA co-expressed? What is the
pattern of the co-expressed miRNA target genes? How are the co-
expressed miRNA target genes transcriptionally regulated? What is
the relationship between miRNA transcriptional regulation and that
of their targets? And so on. In this paper, we attempt to address
these questions.
In the following, we will ﬁrst describe the data and methods used.
We will then show that different groups of target genes of one miRNA
are often co-expressed under different conditions and these groups
from the same miRNA rarely overlap with each other for the majority
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are likely co-regulated and different groups of target genes of the
same miRNA may be regulated differently. Finally, we will show
that transcription factors (TFs) regulating a miRNA often regulates
its target genes. Our study shed light on miRNA target gene regulation
and may facilitate the understanding of the transcriptional regulation
of miRNAs themselves as well.
2. Materials and methods
2.1. MiRNA target genes and expression data
We obtained all human miRNAs and their target genes from
DIANA-microT 3.0 (http://diana.cslab.ece.ntua.gr/microT/) [20]. The
DIANA-microT 3.0 is based on parameters calculated individually for
each miRNA and combines conserved and non-conserved miRNA rec-
ognition elements into a ﬁnal prediction score, which correlates with
protein production fold changes. The miRNA target genes predicted
by the DIANA-microT 3.0 were shown to have higher precision than
or comparable precision as the most commonly used algorithms
[21]. In total, we obtained 555 miRNAs and 8770 different human
genes as their target genes. To study the transcriptional regulation
of these target genes, we extracted the upstream 10,000 base pair
(bp) sequences relative to their transcription start sites from the
Ensembl Genome Browser [22]. We then masked repeats in these se-
quences using the RepeatMasker web server at http://www.
repeatmasker.org/cgi-bin/WEBRepeatMasker.
We obtained gene expression data from the GEO database [23].
Since miRNAs are known to play critical roles in development, we
downloaded all data series on the GPL570 platform (Affymetrix
Human Genome U133 Plus 2.0 Array) related to development by
searching “development” at the GEO website. Data from the GPL570
platform is used because this microarray platform has the largest
number of human samples. We further ﬁltered data series that have
fewer than 15 samples or have not been normalized by the RMA algo-
rithm [24]. At least 15 samples are required because it helps to obtain
co-expressed gene clusters more reliably. The requirement of normal-
ization by RMA will be helpful for others to repeat this study. In total,
we obtained 125 datasets and 39,629 samples. For each dataset, we
calculated the Pearson's correlation coefﬁcient for each gene pair
and performed hierarchical clustering with complete linkage to ob-
tain co-expressed clusters. Thus, every pair of genes within each clus-
ter has a Pearson's correlation coefﬁcient larger than 0.6 or smaller
than −0.6. The cutoff of 0.6 with at least 15 samples represents a p-
value smaller than 0.02. That is, fewer than 2% of gene pairs will
have the Pearson's correlation coefﬁcient larger than 0.6 or smaller
than −0.6 by chance. In total, we obtained 6685 clusters with at
least 15 genes in each cluster from the 125 datasets. The series num-
ber of these datasets and the number of samples are listed in Section
A of the supplementary ﬁle. All 6685 clusters are compared with
miRNA target genes to deﬁne co-expressed miRNA target gene sets
in Section 2.2. Besides using 0.6 as the cutoff, we also obtained clus-
ters based on the cutoffs 0.7 and 0.8. The analysis in this paper is
based on the clusters with the cutoff 0.6 without speciﬁcation.
2.2. Signiﬁcantly co-expressed miRNA target gene sets
For every miRNA target gene set, we calculated its signiﬁcance of
overlap with each co-expressed gene cluster obtained from the 125
microarray expression datasets, by using the hypergeometric test. As-
sume the set of all miRNA target genes that are included in the
GPL570 platform is S and |S|, the number of genes in S is equal to N.
Given a miRNA target gene set S1 and a co-expressed gene cluster
S2, assume the number of genes in the intersection of the three sets
S, S1, and S2 is |S1∩S|=n, |S2∩S|=M, and|S1∩S2|=m, respectively.
Then the signiﬁcance of the overlap of the miRNA target gene set S1and the co-expressed gene cluster S2 is measured by the following
p-value based on the hypergeometric test:
p−value∑min n;mð Þi¼m
C M;mð ÞC N−M;n−mð Þ
C N;nð Þ ;where x; yð Þ
¼ x x−yð Þ⋅ x−yþ 1ð Þ
y y−1ð Þ⋅1 :
To determine whether the target gene set of a miRNA is signiﬁ-
cantly co-expressed, we applied the Q-Value software [25] to all p-
values obtained above and found the p-value cutoff, p1, to control
the false discovery rate at the level of 0.05. We then output each
group of shared genes by the target genes of a miRNA and a co-
expressed cluster as a co-expressed miRNA target gene group, if the
p-value of the overlapping between this target gene set and this co-
expressed cluster is smaller than p1.
2.3. TRANSFAC database, TFs regulating miRNAs, and others
All 522 vertebrate TF binding speciﬁcity patterns from the TRANS-
FAC 9.2 database [26] were extracted for this study. These TF binding
speciﬁcity patterns, also called motifs, are represented as position
weight matrices (PWMs) here. A PWM is a 4 by k matrix, where k is
the length of the binding sites and the four numbers in each column
represent the probabilities of A, C, G, and T occurring at one position
of the binding sites of the TF under consideration, with the numbers
in the i-th column for the i-th position of the binding sites. Pseudo
counts are introduced to regularize these PWMs, aswas used previously
[27,28]. These PWMswill be used to study the transcriptional regulation
of miRNA target genes by applying published computational methods.
To validate the computational prediction of transcriptional regula-
tion, we downloaded the TFs regulating miRNAs from the TransmiR
database [29]. There are regulatory TFs available for 140 human miR-
NAs, for about 86% (120/140) miRNAs we have the target genes pre-
dicted by the DIANA-microT 3.0. We also downloaded ChIP-seq data
(Chromatin ImmunoPrecipitation followed by massively parallel
DNA Sequencing) generated by Dr. Michael Snyder's group at Yale
University and Dr. Richard Myers's Lab at the HudsonAlpha Institute
for Biotechnology from the UCSC Genome Browser [30] for all TFs
obtained from the TransmiR database. In total, there are 6 TFs
(CTCF, E2F1, GATA1, SPI1, SP1 and YY1) with available ChIP-seq
data at the UCSC Genome Browser and mentioned in the TransmiR
database.
2.4. Putative TF combinations regulating co-expressed miRNA target
genes
We want to study the transcriptional regulation of co-expressed
miRNA target genes. In other words, we want to know which TFs
have transcription factor binding sites (TFBSs) signiﬁcantly shared
by upstream sequences of co-expressed miRNA target genes. As it is
known that TFBSs are short and degenerate [31], and one of the
best computational approaches to identify TFBSs is through the iden-
tiﬁcation of cis-regulatory modules (CRMs) [28,32–36]. CRMs are
short DNA sequences of a few hundred bp, in which multiple TFBSs
reside to coordinately regulate the expression of genes nearby. Be-
cause it is often the interplay of multiple TFBSs of different TFs, in-
stead of a single TF, that determines the temporal and spatial
expression patterns of genes [1,2], it is important to study CRMs for
an understanding of gene regulation. In addition, the occurrence of
a CRM by chance is much smaller than that of an individual TFBS,
which makes the identiﬁcation of a CRM more reliable than the iden-
tiﬁcation of a single TFBS.
Many computational methods have been developed to predict
CRMs [28,32–36]. We applied the MOPAT software [28] to predict
CRMs here, because it is more reliable to identify CRMs composed of
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In addition, MOPAT can predict CRMs using all knownmotifs from the
TRANSFAC database [28]. We used the following parameters when
applying the MOPAT software: the window size cutoff, w, is 400;
and the gene number cutoff, g, is 50% of the input genes. MOPAT out-
puts TF combinations that are signiﬁcantly shared by CRMs, and the
corresponding CRMs.
3. Results
To study the transcriptional regulation of co-expressed miRNA
target genes, we applied the methods described in the Materials
and methods section to the above 8770 human miRNA target genes.
We found that different groups of target genes of the same miRNA
are often co-expressed under different conditions. In addition, co-
expressed miRNA target genes are likely co-regulated. Finally, TFs
regulating a miRNA often regulate its target genes. Fig. 1 illustrates
the ﬂowchart of the structure of our analysis. The details are in the
following three subsections.
3.1. Different groups of target genes of the same miRNA are often co-
expressed under different conditions
By comparing the miRNA target genes with the co-expressed gene
clusters, with a false discovery rate of 0.05, we found that target genes
of 90.27% (501/555) of miRNAs signiﬁcantly overlap with at least oneFig. 1. The ﬂowcharts of the structure of our analyses. The ﬂowcharts A, Bco-expressed cluster. See Section B of the supplementary ﬁle for
groups of co-expressed miRNA target genes and the datasets in
which they are co-expressed. In addition, the observation that
miRNA target genes are signiﬁcantly co-expressed is unchanged
when we used different cutoffs to deﬁne co-expressed clusters.
Since we only used 125 different microarray datasets related to devel-
opment, with more microarray data under more experimental condi-
tions, we may ﬁnd an even higher percentage of miRNAs whose
target genes are co-expressed. Note that it may be not surprising to
observe target genes of 90.27% of miRNAs are co-expressed, as target
genes of TFs have often been shown to be co-expressed [37].
Since one miRNA target gene set may signiﬁcantly overlap with
several co-expressed clusters, we compared different groups of co-
expressed target genes of the same miRNA. There are 412 miRNAs
with target genes signiﬁcantly overlap with at least two co-expressed
clusters. Surprisingly, we found that for 12.62% (52/412) of miRNAs,
at least two groups of co-expressed target genes do not share any tar-
get gene. To assess the signiﬁcance of rare overlap between two
groups of co-expressed target genes of the same miRNA, we applied
the hypergeometric test to measure the chance that we could ﬁnd
two random subsets of target genes of the samemiRNA (with the cor-
responding sizes) that have fewer shared genes than the observed
number of genes shared by two co-expressed target gene groups.
We found that for 88.35% (364/412) of miRNAs that have at least
two co-expressed target gene groups, under the false discovery rate
0.05, the number of shared target genes by at least two groups ofand C describe the analyses in Sections 3.1, 3.2 and 3.3, respectively.
Fig. 3. Apair of signiﬁcantly differentmiRNA target gene groups for themiRNAhsa-miR-203.
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However, we also noticed that for 28.4% (117/412) of miRNAs, there
are at least two groups of co-expressed target genes signiﬁcantly
overlapped. That is, the two groups of co-expressed target genes of
the same miRNA have almost exactly the same gene members,
which essentially are one group of co-expressed target genes that
are active under different conditions. Finally, we observed that for
11.65% (48/412) of miRNAs, there is no any pair of signiﬁcantly over-
lapped (different) co-expressed miRNA target gene groups. We did
not ﬁnd any common characteristic shared by these 48 miRNAs (Sec-
tion C of the supplementary ﬁle). See Fig. 2 for the number of signif-
icantly different (overlapped) co-expressed gene group pairs for
each of the 412 miRNAs, which have at least two groups of co-
expressed target genes. It is evident that the majority of miRNA
genes may target different groups of target genes under different con-
ditions and these groups rarely share target genes. In addition, a
miRNA may target the same group of target genes under different
conditions.
We next studied gene ontology terms shared by different groups
of co-expressed target genes of one miRNA. For the above 364 miR-
NAs with at least two groups of rarely shared co-expressed target
genes, we did gene ontology enrichment analysis for each group of
co-expressed miRNA target genes by using GOTermFinder [38]. We
found that different groups of co-expressed target genes of the
same miRNA often have different functions. For instance, for the
miRNA hsa-miR-203, we found its target genes are signiﬁcantly co-
expressed in the dataset GSE12187 (biomarkers for early and late
stage chronic allograft nephropathy by genomic proﬁling of peripher-
al blood) and GSE2125 (isolated alveolar macrophages) (Fig. 3). The
co-expressed hsa-miR-203 target gene group in GSE12187 is enriched
with genes annotated with GO:0048856 (anatomical structure devel-
opment). As chronic allograft nephropathy is an anatomical and clin-
ical alteration, characterized by proteinuria, hypertension and a
progressive decline in kidney function [39], the function of these co-
expressed target genes is consistent with the experimental condition
of GSE12187. Accordingly, the co-expressed hsa-miR-203 target gene
group in GSE2125 is enriched with genes annotated with
GO:0080090 (regulation of primary metabolic process). As heavy
metal ions have effects on selected oxidative metabolic processes in
rat alveolar macrophages [40], the function of these co-expressedFig. 2. The percentage of the number of signiﬁcantly different (blue bar) and signiﬁcantly ov
miRNAs. The miRNAs are sorted according to the percentages of signiﬁcantly different pairs
percentage of signiﬁcantly overlapped pairs of co-expressed miRNA target gene groups.target genes is also consistent with the experimental condition of
the GSE2125.
3.2. Co-expressed miRNA target genes are likely co-regulated based on
computational prediction and ChIP-seq data
In the above, we showed that miRNA target genes can often be
classiﬁed into several groups, genes in each of which are often co-
expressed and share certain functions. Since it has been previously
shown that co-expressed genes are often co-regulated [41], it is inter-
esting to see whether there are common TFs regulating each group of
the co-expressed miRNA target genes. We thus applied the MOPAT
software [28] to identify signiﬁcantly shared TF combinations by a
group of co-expressed miRNA target genes. MOPAT searches the up-
stream sequences of a group of co-regulated genes for putativeerlapped (red bar) pairs of co-expressed miRNA target gene groups for each of the 412
of miRNA target gene groups from smallest to largest ﬁrst, then sorted according to the
Table 1
TF target genes deﬁned from ChIP-seq data signiﬁcantly overlap with co-expressed tar-
get genes of 21 miRNAs.
miRNA TF (p-value)
hsa-let-
7a
E2F1 (7.65E-06), SP1 (6.05E-04)
hsa-let-
7i
E2F1 (4.33E-06), SP1 (4.64E-04)
hsa-miR-
106a
CTCF (2.04E-04), E2F1 (8.56E-07), SPI1 (1.59E-05), SP1 (1.24E-11), YY1
(1.47E-07)
hsa-miR-
106b
E2F1 (2.79E-07), SP1 (3.26E-08), YY1 (1.92E-06)
hsa-miR-
144
E2F1 (3.67E-09), SPI1 (5.32E-09), SP1 (8.03E-08), YY1 (9.55E-12)
hsa-miR-
15a
E2F1 (5.61E-06), SP1 (2.12E-04), YY1 (1.24E-03)
hsa-miR-
15b
E2F1 (5.61E-06), SP1 (2.12E-04), YY1 (1.24E-03)
hsa-miR-
16
E2F1 (1.25E-05), SP1 (1.66E-04), YY1 (7.63E-04)
hsa-miR-
17
E2F1 (1.26E-04), SP1 (1.62E-05), YY1 (6.48E-06)
hsa-miR-
195
E2F1 (1.25E-05), SP1 (1.66E-04), YY1 (7.63E-04)
hsa-miR-
19a
E2F1 (1.55E-04), SPI1 (6.00E-04), SP1 (2.99E-05), YY1 (6.16E-06)
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whose TFBSs signiﬁcantly co-occur in many short DNA regions (the
length of these short regions is deﬁned by users) in the upstream
sequences.
We randomly chose 50 groups of co-expressed miRNA target
genes. For all 50 groups, we identiﬁed signiﬁcant TF combinations
that have their TFBSs co-occurring in the upstream sequences of
genes within one group. Here a signiﬁcant TF combination means a
group of cooperative TFs with multiple comparison corrected p-
values smaller than 0.005 output from the MOPAT software [28].
The p-value of the most signiﬁcant TF combinations from each of
the 50 co-expressed target gene groups is much smaller than that
from each of the 50 groups of random sequences of the same sizes.
These signiﬁcant TF combinations indicate that the co-expressed tar-
get genes may be co-regulated. The most signiﬁcant TF combinations
and their corrected p-values for each of the 50 miRNA target gene
groups have been listed in Section D of the supplementary ﬁle. We
also applied MOPAT to predict TF combinations for different groups
of co-expressed target genes of the same miRNAs. We found that on
average more than 90% of predicted TF combinations are different
for different groups of co-expressed target genes of the samemiRNAs.
Here are two examples of the signiﬁcant TF combinations predicted.hsa-miR-
19b
SP1 (1.55E-03), YY1 (2.03E-04)
hsa-miR-
20a
E2F1 (5.24E-07), SPI1 (6.91E-04), SP1 (9.00E-06), YY1 (3.06E-05)
hsa-miR-
20b
E2F1 (5.38E-04), SP1 (8.66E-08), YY1 (5.12E-05)
hsa-miR-
223
YY1 (1.77E-03)
hsa-miR-
23a
E2F1 (3.24E-07), SPI1 (5.17E-04), SP1 (2.83E-04), YY1 (3.22E-05)
hsa-miR-
363
E2F1 (4.16E-06), YY1 (5.45E-04)
hsa-miR-
375
E2F1 (2.01E-05), SPI1 (2.85E-04), SP1 (1.33E-04), YY1 (5.30E-05)
hsa-miR-
449b
GATA (2.19E-03)
hsa-miR-
92a
E2F1 (8.13E-04), SPI1 (1.26E-03)3.2.1. Example 1
One of the predicted TF combinations that regulate the target genes
of the miRNA, hsa-miR-17, comprises motifs M00500 (STAT6), M00772
(IRF), and M00972 (IRF). The IL-4/IL-13/STAT6 signaling pathway
promotes luminal mammary epithelial cell developments [42]. IRF
(TRIM63) is important for microtubule, intermediate ﬁlament, and
sarcomeric M-line maintenance in striated muscle development [43].
Thus, these TFs may work together in development. Consistently, hsa-
miR-17 family miRNAs are important for embryonic development. [44],
which supports the functionality of the TFs in this TF combination. In ad-
dition, nearly 60% of target genes of this TF combination are shown to be
related to development (see Section E of the supplementary ﬁle), which
supports the function of this TF combination and that of hsa-miR-376a.hsa-miR-
93
E2F1 (1.11E-04), SP1 (7.39E-08), YY1(4.20E-05)
When the target genes of one TF signiﬁcantly overlap with several co-expressed target
gene groups of a miRNA, only the smallest p-value of signiﬁcant overlap for this TF is
listed here.3.2.2. Example 2
The TF combination that regulates the target genes of the miRNA
hsa-miR-224 comprises motifs M00143 (PAX5), M00800 (AP2), and
M00982 (KROX). Among the three TFs, PAX5 expression correlates
with increasing malignancy in human astrocytomas [45]. TFAP2A
(AP-2) can inhibit cancer cell growth [46]; and EGR1 can promote
growth and survival of prostate cancer cells [47]. Thus, these three
TFs may work together to play a role in cancer. Consistently, the
human miRNA hsa-miR-224 is associated with hepatocellular Carci-
noma [48]. In addition, about 90% target genes of this TF combina-
tion are shown to be related to cancer (see Section E of the
supplementary ﬁle). All these evidences support the functionality
of this TF combination.
In addition to the above computational predictions, we also col-
lected ChIP-seq data for 6 TFs from the UCSC Genome Browser [30],
with a restriction date before December 31, 2010. These 6 TFs regu-
late 28 miRNAs that have co-expressed miRNA target gene groups,
according to the TransmiR database [29] and http://diana.cslab.ece.
ntua.gr/microT/. For each of the 6 TFs, we deﬁned the target genes
of this TF as the nearest gene to each ChIP-seq peak with q-value
smaller than 0.001. The ChIP-seq peaks and their associated q-values
have been provided by the UCSC Genome Browser. We then per-
formed the hypergeometric test to indicate whether a signiﬁcant
number of genes in a group of co-expressed miRNA target genes are
the target genes of a TF deﬁned above. We found that for 75%
(21/28) of miRNAs, their co-expressed target genes are co-regulated
(see Table 1 and Section F of the supplementary ﬁle for details).3.3. TFs regulating a miRNA also regulate its target genes
How miRNA genes themselves are regulated is still not well stud-
ied [3]. It is difﬁcult to study miRNA gene transcriptional regulation
because the transcription start sites of the majority of miRNA genes
have not been well deﬁned [3]. With the observation that miRNAs
and TFs co-regulate their target genes, it is reasonable to hypothesize
that TFs regulating a miRNA may regulate its target genes, since miR-
NAs and TFs must be active at the same time in order to coordinately
regulate their target genes.
To test this hypothesis, we collected all miRNAs with known reg-
ulatory TFs from the TransmiR database [29], which collects such
TF-miRNA regulation relationship from the literature. There are 104
miRNAs in the TransmiR database with co-expressed target genes
identiﬁed above. These miRNAs are known to be regulated by 106
TFs. Among the 106 TFs, only 19 TFs (they regulate 61 miRNAs) are
also included in the TRANSFAC database 9.2 we used (Fig. 4). We
thus checked whether there is a signiﬁcant TF combination predicted
by MOPAT that contains the TFs regulating the miRNA under consid-
eration. For each of the 61 miRNAs, we applied MOPAT to the group of
co-expressed miRNA target genes that has the smallest overlapping
p-value when we compared miRNA target genes with co-expressed
Fig. 4. 61 miRNAs are regulated by 19 TFs shared by the TRANSFAC 9.2 database and
the TransmiR database.
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(22/61) of miRNAs, the TF regulating the miRNA according to the
TransmiR database also regulates at least one group of its co-Table 2
Target genes of 22 miRNAs are co-regulated based on computational prediction by the
MOPAT software.
miRNA Regulatory TFs from TransmiR Regulatory TFs
from MOPAT
hsa-let-
7a
E2F1, E2F3, EIF2C2, BRD2, LIN28, LIN28, MYC,
TRIM32
E2F1
hsa-let-7i E2F1, E2F3, EIF2C2, LIN28A, MYC, TRIM32 E2F1
hsa-miR CEBPA, MYF6, MYF5, MYOD1, MYOG CEBPA, MYOD1
hsa-miR-
106b
E2F1, E2F1, E2F3, MYC E2F1
hsa-miR-
133a
PPP3R1, MYF6, MYF5, MYOD1, MYOG,
TNFSF12
MYOD1, MYOG
hsa-miR-
144
GATA1,GATA4 GATA4
hsa-miR-
155
AKT1, BCR, CAMP, FOXP3, FOXP3, NFKB1, SMAD4,
SMG1, TGFB1, TP53
FOXP3
hsa-miR-
15b
E2F1, E2F3, BRD2, STAT5 E2F1
hsa-miR-
16
E2F1, E2F3, NFKB1, STAT5 E2F1
hsa-miR-
18a
E2F1, ERS1, MYC, MYCN, MYCN, NKX2-5, TLX1,
TLX3
E2F1, NKX2-5
hsa-miR-
195
E2F1, E2F3, EGR3, EGR3, MYC, STAT5 E2F1
hsa-miR-
19a
E2F1, ESR1, MYC, MYC, MYCN, MYCN, NKX2-5,
PTEN, TLX1, TLX3
E2F1
hsa-miR-
206
MYF6, MYF5, MYOD1, MYOG TNFSF12 MYOD1
hsa-miR-
20a
CCND1,E2F1,ESR1, MYC,MYCN, NKX2-5,
TLX1, TLX3
E2F1
hsa-miR-
20b
E2F1,ESR1, MYC E2F1
hsa-miR-
29a
CEBPA, HMGA1, IL4,MYC, NFKB1, PDGF-B,
TGFB1, YY1
CEBPA, YY1
hsa-miR-
29b
CEBPA, NFKB1, YY1 CEBPA, YY1
hsa-miR-
29c
MYC, NFKB1, YY1 YY1
hsa-miR-
34a
CEBPA, CEBPA, MYC, NR1H4, NR1H4, TP53, TP53,
TP53, TP53
CEBPA
hsa-miR-
363
E2F1, ESR1 E2F1
hsa-miR-
449a
CDK, E2F1, FOXJ1, RB1 E2F1
hsa-miR-
92a
E2F1, ESR1, MYC, MYCN, NKX2-5, TLX1, TLX3 E2F1expressed target genes. See Table 2 for the miRNAs, the TFs that reg-
ulate these miRNAs according to the TransmiR database [29], and the
TF combinations that regulate target genes of these miRNAs from the
MOPAT software. For about two thirds of the 61 miRNAs, we could
not ﬁnd any TF that regulates the miRNA in the MOPAT predictions,
which could be due to the sequence range we considered (we only
considered upstream 10,000 bp regions), the incomplete collection
of TFs with known PWMs in TRANSFAC database, and the limitation
of computational methods for motif identiﬁcation.
Since there could be false positive predictions in the MOPAT out-
put, the above observation that TFs regulating a miRNA also regulate
its target genes needs further validation. We thus also collected ChIP-
seq data for TFs that regulate one of the miRNAs in the TransmiR da-
tabase. In total, we obtained ChIP-seq data for 6 TFs that regulates at
least one miRNA in the TransmiR database. These 6 TFs regulate 30
miRNAs according to the TransmiR database. We found that for 90%
(27/30) of miRNAs, ChIP-seq data shows that the TF regulating
miRNA also regulates its target genes. See Table 3 for the miRNAs,
their regulatory TFs based on ChIP-seq data of 6 TFs, and the p-
value of the overlapping between the TF target genes and the
miRNA target genes. Thus, it is clear that for miRNAs, the TF regulates
a miRNA may often regulate its target genes as well. This observation
may be useful to facilitate the study of the transcriptional regulation
of miRNA genes themselves, as it is often easier to know what TFs
may regulate target genes of a miRNA.4. Discussion
We used 125 microarray expression datasets related to develop-
ment to study the expression patterns of miRNA target genes. With
these 125 datasets, we have shown that target genes of 90.27% of
miRNAs signiﬁcantly overlap with at least one co-expressed gene
cluster. In the future, more microarray expression datasets under con-
ditions other than development could be used to study each miRNA
and its target genes in detail. In this way, we may gain betterTable 3
TFs that regulate 27 miRNAs also regulate their target genes.
miRNA TF (p-value)
hsa-miR-106a E2F1 (2.77E-08), SP1 (6.11E-09)
hsa-miR-106b E2F1 (1.73E-08)
hsa-miR-144 GATA (2.39E-02)
hsa-miR-146a SPI1 (1.96E-04)
hsa-miR-15a E2F1 (1.83E-06)
hsa-miR-15b E2F1 (3.79E-07)
hsa-miR-16 E2F1 (1.67E-06)
hsa-miR-17 E2F1 (9.19E-07)
hsa-miR-18a E2F1 (1.07E-03)
hsa-miR-18b E2F1 (2.03E-03)
hsa-miR-195 E2F1 (9.10E-07)
hsa-miR-19a E2F1 (6.88E-06)
hsa-miR-19b E2F1 (3.25E-06)
hsa-miR-20a E2F1 (1.95E-08)
hsa-miR-20b E2F1 (1.08E-06)
hsa-miR-223 E2F1 (4.60E-04)
hsa-miR-23a SPI1 (2.46E-10)
hsa-miR-25 E2F1 (7.27E-03)
hsa-miR-29a YY1 (3.29E-03)
hsa-miR-29b YY1 (2.29E-03)
hsa-miR-29c YY1 (4.36E-03)
hsa-miR-363 E2F1 (3.98E-07)
hsa-miR-375 CTCF (1.04E-04)
hsa-miR-449a E2F1 (2.57E-02)
hsa-miR-451 GATA (1.64E-02)
hsa-miR-92a E2F1 (1.80E-05)
hsa-miR-93 E2F1 (8.35E-07)
Each p-value in the second column indicates the signiﬁcance of the overlap between
the TF target genes and the target genes of a miRNA.
451Y. Wang et al. / Genomics 98 (2011) 445–452understanding of the classiﬁcation of the miRNA target genes and
their functions for each miRNA.
Since a large number of miRNAs are transcribed by RNA polymer-
ase II and several TFs are often needed to regulate RNA polymerase II
transcribed genes, it is most likely that TF combinations regulating
miRNAs will also regulate miRNA target genes of the miRNAs under
consideration. In this study, we have only shown that individual TF
regulating a miRNA often regulates its target genes. In the future,
with more information about TFs that regulate miRNAs and with
ChIP-seq data for more TFs, TF combinations regulating miRNAs can
also be compared with TF combinations regulating miRNA target
genes.
We applied the MOPAT software [28] to identify TF combinations
that may regulate the miRNA target genes in this study. Other compu-
tational methods could be used here. We could also consider longer
upstream sequences, the 5′ untranslated sequences, and the intronic
sequences when applying computational methods for TF combination
prediction. However, our conclusions should still hold with these al-
ternatives, since comparisons of these predicted TF combinations
with those in literature and those from ChIP-seq experiments sup-
ported our predictions. In the future, with more experimental infor-
mation about transcriptional regulation of miRNA genes themselves
and their target genes, we could extend the current study to have a
deeper understanding of regulation of miRNA target genes, and the
relationship between the regulation of miRNA genes and that of
their targets.
5. Conclusions
We have shown that target genes of the same miRNA can be clas-
siﬁed into several groups, and different groups of miRNA target genes
are co-expressed under different conditions. These groups of miRNA
target genes are often co-regulated. In addition, TFs regulating a
miRNA often regulate its target genes as well. All these observations
show different aspects of miRNA target genes, which have not been
discovered before and will facilitate future studies of miRNA, miRNA
target genes, and miRNA transcriptional regulation.
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